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Robust Frequency-Based Structure Extraction
Tomasz Piotr Kucner, Stephanie Lowry, Martin Magnusson, Achim J. Lilienthal
Abstract—We propose a method for measuring how well each
point in an indoor 2D robot map agrees with the underlying
structure that governs the construction of the environment.
This structure scoring has applications for, e. g., easier robot
deployment and cleaning of maps. In particular, we demonstrate
its effectiveness for removing clutter and artifacts from real-
world maps, which in turn is an enabler for other map processing
components, e. g., room segmentation. Starting from the Fourier
transform, we detect peaks in the unfolded frequency spectrum
that correspond to a set of dominant directions. This allows us
to reconstruct a nominal reference map and score the input map
through its correspondence with this reference, without requiring
access to a ground-truth map.
I. INTRODUCTION
In recent years increasing numbers of mobile robots have
been deployed in a wide range of industrial, commercial, and
domestic environments.
A mission-critical capability for a mobile robot is the ability
to navigate reliably in its environment, and this capability re-
quires a useful map. Many robots are capable of independently
building and using a map of their environment to navigate
and localize via Simultaneous Localization And Mapping
(SLAM). However, even state-of-the-art SLAM methods are
vulnerable to outliers and can fail [2], or produce maps with
misalignments and artefacts. Furthermore, even a nominally
correct map typically needs to be manually cleaned of, e. g.,
minor clutter before it is used in production.
With this paper, we aim to contribute to more failure-aware
robotic mapping, which is aware of outliers and degeneracies,
by extracting information about the structure of the environ-
ment from maps that have been generated by robots in indoor
environments and using this information to indicate potential
problem areas of the map.
We focus on the extraction of the global structure of the
environment. While indoor environments can be very complex
and differ greatly depending on the type of environment and
its application, in the majority of human-made environments,
straight walls form a significant portion of the global structure.
Therefore extracting straight-line features from the robot-
built map can provide valuable information both about the
environment, and the quality of the generated map.
In this work, the straight walls are identified by extracting
key directions from the frequency spectrum of a binarised
occupancy grid. Consequently, we can identify to which extent
each map cell agrees with the structure present in the map.
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Fig. 1: Example of structure scoring applied for clutter removal
for a robot map. The input map (top) contains structured
elements as well as clutter. Our structure detection method
identifies the 10 dominant direction in the map from the 20
symmetric peaks in the unfolded frequency spectrum. Then,
each map cell is scored according to its agreement with
a reconstructed structural map. Brighter parts of the map
have a higher structure score. The score can be automatically
thresholded to extract the structural parts of the map (green in
the two bottom images), after which clutter can be removed.
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One application of the method is to remove clutter from maps,
and we demonstrate this ability using a dataset from a recent
survey on map segmentation [1] where all the methods had a
substantially lower recall on furnished maps than on the clean
baseline maps. Furthermore, we demonstrate that the structure
information can indicate which parts of the map are accurate,
and which part of the map may contain higher uncertainty and
require further exploration, or more careful navigation.
II. RELATED WORK
Structure detection, as such has not been investigated very
much in connection with robotic mapping. There have been
some applications where the Hough or Radon transform has
been used to detect the principal alignment of robot maps, in
particular when used for map matching. E. g., Saeedi et al. [12]
find peaks in the Hough images of maps to generate rotation
candidates that can be used for alignment. In a similar vein
Carpin [4] finds an orientation alignment of two maps from
the Hough spectra of the maps. However, as we demonstrate
in Section IV, the Hough transform is not generally suitable
for detecting structure in imperfect maps. Gholami Shahbandi
et al. [11] use a histogram of oriented gradients (HOG) in
combination with radiograms [3] and argue that this method
more robustly can extract dominant elements from maps where
walls and other features suffer from discontinuities or noise,
compared to using the Radon transform directly. A limitation
of the abovementioned methods for structure extraction is that
they focus on detecting the most prominent line orientations in
a map, and require that the number of relevant orientations is
known in advance. We wish to go beyond only detecting line
segments and alignments, and also facilitate the reconstruction
of the underlying map structure, given an imperfect input map
acquired by a robot.
The method of Gholami Shahbandi et al. [11] has later been
used for rigid and nonrigid multimodal map merging [9, 10].
Although the intended application is different, their radiogram-
based decomposition, pruned using a distance image of the
map’s free space [9], can be said to be a form of structure
extraction. However, it can only work for clutter-free maps, as
opposed to the method proposed in this paper. In fact, all the
above methods are designed to work with clutter-free maps.
A critical application of our structure extraction method is to
remove clutter from maps, which is an important prerequisite
for many other methods for map segmentation, alignment, etc.
We also argue that our structure extraction method will be
beneficial for reference-free map quality assessment. Algo-
rithmically assessing whether a map is correct (and which
parts of it are and are not) is important when deploying a
robot in a live environment (not least for industrial service
robots). This is a different problem than the evaluation of
SLAM methods using standardised benchmarks. One example
of a framework for assessing the quality of a map is the
framework of Schwertfeger and Birk [13], which produces
several scores (coverage, relative accuracy, consistency, etc.)
of a robot-generated map when compared to a reference map.
The key idea is to build graphs from the robot map and
the reference map and compare the two. However, because
it hinges on comparing the robot’s map to a reference, it is
of little use when deploying a robot system in a new environ-
ment. Chandran-Ramesh and Newman [5] proposed to train
a conditional random field (CRF) to assess “plausible” and
“suspicious” configurations of wall segments in 2D maps, and
demonstrated that this method could be used to label mapping
errors without relying on a reference map. In comparison,
our method is learning-free and instead exploits the fact that
buildings typically have a certain structure where walls are
aligned along a limited set of directions. However, we are not
limited to purely rectangular environments but can also detect
structure in cases with multiple structural directions.
There is also a line of work that, instead of assessing
the (global) structure of the map, works on the sensor data
and assesses the “crispness” of the accumulated points. Some
authors have used a voxelised representation [6, 7] and others
have measured the mean point entropy [8]. These measures are
useful for comparing the results of different map algorithms
of the same environment, but would be challenging to use as
a general map score, as the entropy or crispness of a “good”
map is mainly environment-dependent.
III. DFT FOR STRUCTURE SCORING
The proposed method exploits the fact that indoor built
environments tend to contain walls and straight-line elements
along a limited set of orientations, since walls are often
parallel to each other and large furniture will often follow
the orientation of the walls. Therefore there tends to be a set
of dominant directions. (See Fig. 1 for a simple example.)
Because a map will likely only contain a few of these
dominant directions, they are clearly distinguishable in the
frequency spectrum of the 2D binary map. We extract these
lines from the frequency spectrum and use this information to
reconstruct the straight-line structural elements in the environ-
ment. Figure 2c shows a toy example with a simple map with
clear structure, and its corresponding frequency spectrum.
A. Structure Detection
The first component of our method is the 2D Discrete
Fourier Transform (DFT) formulated as
F(u, v) =
M−1∑
m=0
N−1∑
n=0
f(m,n) · e−j2pi(um/M+vn/N) (1)
where M and N define the size of the input image, m and n
correspond to the position of the pixel in the image and u, v
denote the position in the frequency domain.
To identify the dominant directions, we look for lines
containing cells of high amplitude crossing the centre of the
frequency spectrum. To extract the dominant directions, we
“unfold” the amplitude (A) of the DFT about the center of
the plot.
A(u, v) = |F(u, v)| (2)
c(A) = Ap(φ, ρ) (3)
The unfolding function c estimates the amplitude values for
an equally spaced grid of orientations (φ) and distances (ρ)
from the center of the frequency spectrum, based on the input
array of the DFT amplitudes (|F(u, v)|). Once the spectrum is
unfolded, we compute the cumulative amplitude A¯p as sums
of amplitudes Ap along each direction φ:
A¯p(φ) =
N∑
ρ=0
Ap(φ, ρ). (4)
The cumulative amplitude has peaks where the frequencies
correspond to lines in the image, as shown in Fig. 2b. The
peaks are selected based on their prominence Pro(A¯(φ))
where the prominence of a point measures how much a point
stands out from the surrounding baseline of the signal. We
use the SciPy v1.4.1 peak prominences function,1 where the
point is labeled as a peak if its prominence is greater than the
predefined threshold:
Φp = {φ |Pro(A¯(φ)) > t}. (5)
The set Φp constitutes the dominant directions of the
original map M . This set can then be used to assess the
structure of the map both at the global (whole map) level,
and also at the local (individual grid cell) level.
B. Global Structure Scoring
The number of extracted peaks |Φp| provides information
about the number of dominant directions in the environment.
If |Φp| = 0 peaks are extracted, the map does not contain any
dominant directions and is treated as structureless, and it is not
further processed. However, if |Φp| ≥ 1 peaks are extracted,
the map is suitable for the next step, where the structure is
scored at the pixel level.
C. Local Structure Scoring
After the global structure detection described above, the
next step is to identify to what extent the occupied map cells
belong to the dominant directions.
For this purpose we divide the frequency spectrum into
two parts. The structure part (S) contains the frequency
components along the directions that have been identified as
peaks (5), and is constructed as
S = {(u, v)s|(u, v) = c−1(φ, ρ), φ ∈Φp, ρ ∈ (0, ρmax)}. (6)
The remaining part of the frequency spectrum N = SC is then
labelled as non-structure. An example is shown in Fig. 2c. The
green line corresponds to the structure S and the remaining
part of the spectrum is noise (N ).
In order to obtain the coordinates of the cells in the
frequency spectrum corresponding to the structure (S), we
apply the folding function (c−1). The folding function finds all
the cells in the frequency spectrum that share the orientations
(Φp) with the peaks extracted using Eq. (5).
1https://docs.scipy.org/doc/scipy/reference/generated/scipy.signal.peak
prominences.html
error type Hough transform DFT method
clutter (58.54) 56.10 (98.78) 90.24
linear error small (23.17) 23.17 (98.78) 90.24
linear error large (9.76) 12.20 (98.78) 90.24
angular error small (31.71) 31.71 (98.78) 90.24
angular error large (7.32) 2.54 (84.15) 74.39
sensor noise small (42.68) 40.24 (98.78) 90.24
sensor noise large (12.20) 12.20 (48.78) 45.12
TABLE I: Percentage of distorted maps where the number
of dominant directions and the total number of directions
(denoted in brackets) was recognised correctly, comparing the
proposed method (right column) to line extraction with the
Hough transform as a baseline.
The structure part of the frequency S is then used to
reconstruct the structured elements of the map using Inverse
Discrete Fourier Transform (IDFT) (see Fig. 2d for an ex-
ample). This constitutes a nominal reference map; i. e., a
representation of what we expect a ground-truth map to look
like, in lieu of an actual reference map. The highest amplitude
(bright colours) is in places where there are walls in the
original figure. After overlapping the reconstructed map with
the original map, we look up the amplitude values for occupied
cells in the frequency image, and use that as the structure score
value. The amplitudes are treated as scores for each occupied
map cell. In this way, each cell is scored based on how much it
contributes to the structured part of the environment. Figure 3
shows three toy examples of how map elements are scored
depending on if they are part of the structure or not.
IV. RESULTS
The proposed algorithm was evaluated on two publicly
available datasets: HouseExpo [14] and a collection of maps
from Cyrill Stachniss.2
HouseExpo is a large data set containing 35,357 2D floor-
plans. HouseExpo contains examples of typical indoor en-
vironments inspired by different types of appartments. The
HouseExpo data set is also accompanied by a pseudo SLAM
software for controlling a simulated robot and generating maps
with different types and levels of errors. For the evaluation pro-
cess, we have randomly picked 82 HouseExpo environments.
For each environment we have generated eight maps, one
reference map and seven distorted maps (see Fig. 4), resulting
in 574 distorted maps:
1) clutter: 10 objects per map
2) linear registration error: small (std. dev. σ = 10 pixels)
and large (σ = 45 pixels)
3) angular registration error: small (σ = 10o) and large
(σ = 45o)
4) laser noise: small (σ = 0.3 pixels) and large (σ = 5
pixels)
In these maps, 1 m is equivalent to 15 pixels, so the large
offsets are quite substantial.
2http://www2.informatik.uni-freiburg.de/∼stachnis/datasets.html
(a) Binary map of a toy environ-
ment with two parallel walls.
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(b) Unfolded frequency spectrum of the
map. The right axis shows the distance in
pixels from the center of the frequency
spectrum (ρ). The left axis corresponds
to the cumulative amplitude for each ori-
entation (A¯(φ)) The peak in 0 and its
symmetrical reflection in pi correspond to
the parallel walls in the map.
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(c) Frequency spectrum with highlighted
part, which will be used for the reconstruc-
tion of the structure of the environment.
(d) Reconstructed map for a toy
example map.
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(e) Scored map for a toy example map.
Fig. 2: The steps necessary to detect the dominant structure and compute the strucutre score for each pixel in a toy example
map.
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Fig. 3: Structure scoring for three example maps from a
square-room environment, with different elements that do not
belong to the structure: (a) a non-dominant feature or large
misalignment at the left wall, (b) a slight misalignment (e. g.,
registration error) at the left wall, and (c) random clutter. In
all cases the non-structure cells are scored lower than the parts
that belong to the structure.
A. Structure detection evaluation
This section evaluates whether the structure detection pro-
posed in Section III-A accurately measures the true number of
dominant directions in a map. To evaluate this question, the
574 HouseExpo maps were manually labelled with the number
of dominant directions and total number of directions. In the
selected sample, all of the maps (574) have two perpendicular
dominant directions. Some maps, however, have one or a few
smaller features in another direction. There were 14 maps that
contained 3 directions in total, 35 contained 4 directions in
total, and 7 contained 5 directions in total. Of these maps,
the proposed method was able to correctly identify the total
number of directions in 81.53 % of the maps (468 of 574) and
in 89.55 % of the maps (514 of 574) it recognized the number
of dominant directions, considering all the maps, including
also the ones with large errors.
For detecting dominant directions, the method mostly failed
in cases of large linear registration errors (13 maps) and large
sensor noise (42 maps). It is caused by the fact that the test
maps were distorted with large errors (0.3 m sensor noise and
3 m registration error, respectively).
For detecting the total number of directions, the method
failed for 106 maps, of which 56 came from 7 environments
that were particularly challenging – with short wall segments
not following the dominant directions in the environment, as in
Fig. 4. In this case, the algorithm identified only 2 directions
while the manual labeling identified 3 direction (due to the
slightly inclined part of the wall in the lower part of the map).
That, however, means that for the example shown in Fig. 4,
the proposed method was still able to identify 2 dominant
(a) reference map (b) large sensor noise (c) small sensor noise (d) large angular error
(e) small angular error (f) large linear error (g) small linear error (h) clutter
Fig. 4: Examples of reference and distorted maps from the HouseExpo data set.
directions.
The performance of our structure detection method was
compared against a Hough transform line detection algorithm
as a baseline. We used the standard implementation from SciPy
with default parameters, and the results are shown in Table I.
However, the Hough transform will return the number of
detected lines and not directions. Therefore we have selected
the number of unique orientations (within a tolerance of 0.5o)
and treated this number as the number of directions. The
Hough transform only correctly identified the correct number
of directions in 184 cases (32.06 %).
Overall, the poor performance of the Hough transform rela-
tive to our DFT-based approach was due to the fact that Hough
transform attempts to find all possible lines in the map. That
means that whenever there are enough pixels along a line, a
new direction is reported. Consequently, the Hough transform
consistently overestimates the number of directions – in many
cases more than 10 directions.
Finally, in Fig. 6, we can see qualitative examples of
structure detection for real-world maps. In Figs. 6a and 6b
we can see an example of an unregistered map with the
corresponding unfolded frequency spectrum. We can see that
there are elevated parts of the signal. However, they are not
prominent enough to be recognized as indicators of structure.
In contrast, Figs. 6c and 6d show a well registered real world
map from the same environment. In this case, the peaks are
prominent enough, and they encode meaningful information
about the structure of the environment. Finally, in Figs. 6e
and 6f, we can observe structure detection for an environment
with more than two dominant directions. We can see that even
in such an unusual case – where the structure contains not
only right angles and there are subtantially more dominant
directions than two – the peaks are prominent and clearly
distinguishable from the signal noise.
B. Local structure scoring
This section evaluates the proposed local structure scoring
method by assessing whether it can be used to extract the
significant straight-line structural elements from a map. Again,
the quantitative evaluation uses the HouseExpo dataset, with
the reference map representing the “ground truth”. In order
to avoid selecting an arbitrary threshold for labelling cells as
part of the structure or noise, we have decided to approach
this evaluation as a labelling problem.
The labelling was done as follows. For each map we have
computed the IDFT from the structure (S) and noise (N ) parts
of the spectrum. Then we compared the resulting amplitude for
each occupied cell in the map. If the amplitude for the cell is
higher if reconstructed from S then it is labeled as a structure
cell (Sˆ), and otherwise as non-structure (Nˆ ). The resulting
structure map MS was then overlaid on the reference map.
Structured pixels inMS that overlapped with an occupied cell
in the reference map were labelled as true positive (tp). If not,
it was labeled as a false positive (fp) pixel. Performance was
evaluated using precision (tp/(tp + fp)) and recall (tp/(tp +
fn)).
Table II presents the average precision and recall for the
HouseExpo dataset. The results show that structure scoring
removes clutter effectively: if a pixel is labelled as a structural
(a) reference map (b) large sensor noise (c) small sensor noise (d) large angular error
(e) small angular error (f) large linear error (g) small linear error (h) clutter
Fig. 5: Structure scores for the examples HouseExpo maps from Fig. 4.
element, it is indeed a structural element 99.94 % of the time.
Furthermore, the algorithm finds (on average) 93.10 % of all
the structural pixels.
We can see that the method struggles more on labelling
maps with large linear errors. The reason is that a linear
registration error causes occupied lines that are offset from
their reference position. The method looks for the most likely
wall, considering the number of occupied cells along one line
and has no access to information about the true position of
the wall.
In the case of an angular registration error, the method
performs better, compared to the linear registration error case.
The reason for that is that the orientation errors are less likely
to offset the position of the wall and mostly add noise.
Finally, we can see that for sensor noise, the proposed
method is able to correctly label cells in 36.33 % of the cases
and the algorithm finds 79.14 % all structural cells. However,
the proposed method performs substantially worse for the
cases with large sensor noise (with a noise standard deviation
of 33 cm).
C. Structure extraction
So far we have presented a quantitative evaluation on a
simulated data set. Quantitative real-world results are difficult
to achieve due to the lack of ground truth; however, Fig. 7
shows a qualitative example of structure extraction in a map
from a warehouse. In this example, instead of comparing cell
energies obtained from S and N we set a fixed treshold for all
map type average precision average recall
clutter 0.99 0.93
linear error small 0.16 0.67
linear error large 0.02 0.32
angular error small 0.48 0.89
angular error large 0.23 0.65
sensor noise small 0.36 0.79
sensor noise large 0.05 0.28
TABLE II: Average precision and recall for labeling the correct
pixels correct pixels
of the cells in the mpa. We employ a Gaussian Mixture Model
(GMM) with two classes to estimate the threshold value.
p(x|µ,Σ) = pi1Nµ1,Σ1(x) + pi1Nµ2,Σ2(x) (7)
We set the threshold at a value (x) such that
pi1Nµ1,Σ1(x) = pi1Nµ2,Σ2(x), (8)
as shown in Fig. 7a.
Figure 7 shows that the structure extraction method iden-
tifies key structural elements such as walls and large barriers
while eliminating most of the clutter. Note that the slanted
wall at the bottom of the image is a true structural element
and is correctly identified as such by the algorithm.
V. CONCLUSIONS
In this paper, we have presented a novel application of
DFT for structure detection and scoring. Structure scoring is
a method for detecting dominant structure in a given map and
(a) Example of an unregis-
tered map.
(b) Corresponding unfolded
frequency spectrum.
(c) Example of a well
registered map.
(d) Corresponding unfolded
frequency spectrum.
(e) Example of a well
registered map with multiple
dominant directions.
(f) Corresponding unfolded
frequency spectrum.
Fig. 6: Examples of structure detection from real-world maps.
assessing how much each part of the map agrees with the
environment’s structure. Structure scoring exploits the basic
observation that sets of straight lines in the image have a
characteristic representation in the frequency spectrum.
Furthermore, we have presented how the scoring method can
be used for structure extraction and clutter removal.Structure
extraction is executed by thresholding the structure scores. As
a result, pixels with high structure score are labeled as part of
the structure while pixels with low structure score are removed.
This approach to structure extraction allows removing clutter.
Another potential application of frequency-based structure
scoring is to use it for reference-free map quality assessment.
Fig. 8 shows another example of a structure-scored map. The
assigned scores indicate which parts of the map are plausible
and which are suspicious. In the red frames, we can see
come examples of issues lowering the quality of the map,
such as misalignments, outliers and clutter. Meanwhile, in the
green frames, we highlighted the highly scored parts of the
map, which most likely correspond to the true shape of the
environment. This example shows that structure scoring can
be used as a tool supporting manual map quality assessment.
E. g., a deployment engineer tasked with verifying a map from
a robot could use the scored map to indicate where to look
(a) Thresholding structure vs clutter cells using by fitting a GMM to
a histogram of the structure score.
(b) Map with structure extracted as green pixels, and clutter as white.
Fig. 7: Structure extraction from a real-world robot map. The
proposed method extracts the three dominant directions of the
walls in this environment. It marks as clutter pixels which,
even though they are aligned with the dominant directions, are
not prominent enough to be treated as a part of the structure.
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Fig. 8: Application to map quality assessment of a structured
but noisy map. High scores are warmer/brighter and low scores
are dimmer. Frame a) shows that a part of the environment not
belonging to the structure receives a low score. Frame b) shows
that clutter (e. g., table legs) also receives a low structure score.
Frame c) shows that misaligned parts of the map also receive
lower structure score. Part of the wall has been thickened,
probably due to a registration error, but this artifact is captured
by the structure score. Frames d) and e): The parts of the
map that are aligned with the dominant structure receive high
scores.
for artifacts that should be removed.
The work presented in this paper offers a novel approach
to the problem of structure extraction. In contrast to existing
methods, it does not rely on any prior knowledge (e. g., the
number of dominant directions in the environment) and his
highly robust to clutter and mapping errors. Instead, it uses
the general characteristics of the environment. The proposed
method can be used in different applications. The fact that
the proposed method does not rely on learning and requires
very little prior knowledge makes the method flexible and
applicable for new scenarios and environments, without re-
training.
Using our structure extraction to remove clutter as illustrated
in Figs. 1 and 7 will also enable better room segmentation.
The map in Fig. 1 is from a recent data set and survey paper
on room segmentation [1], where all state-of-the-art methods
performed poorly on this and other cluttered maps. Being
able to remove the clutter can be expected to increase the
performance for all methods on this data set.
However, a limitation of the proposed method is the fact that
it strongly relies on the idea of structure as an organization
of parallel walls. As such, it is not currently applicable for
environments with many curves and arches. Furthermore, the
proposed method focuses on the detection of structured parts
of the environment, which means if the noise is systematically
organized – e. g., offsetting the position of the walls with a
fixed value – the “fake structure” will be scored equally high
as the true one.
VI. FUTURE WORK
Structure scoring is a simple yet powerful tool able to
provide crucial information about a map without having access
to the environment itself or any reference data. In this paper,
we have covered the key applications of the method for
2D environments. The next step on the way is to employ
Discrete Fourier Transform (DFT) for structure scoring of 3D
environments.
This work also opens several exciting research topics. The
first topic is, how the additional information about the structure
can be incorporated into a SLAM problem for improving scan
registration and graph optimization.
Furthermore, existing structure xtraction methods usually
fail when the environment is luttered [1, 9]. Therefore, it
will be interesting to explore robustification of room extraction
algorithms by providing information about the structure of the
environment.
Finally, as we have mentioned in Section V, the structure
score can indicate the quality of the underlying map. However,
a complete method for assessing the map quality solely based
on structure score requires further in-depth research.
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